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reliably for 1mages of a variety of relatively dissimilar work-
pieces or workpiece features. The focus assessment method 1s
based on analysis of a single 1image (without the benefit of
comparison to other images). The robustness of the focus
assessment method 1s enhanced by the use of at least one
classifier based on a plurality of focus classification features.
In one application, a primary advantage of assessing focus
from a single 1mage 1s that an overall workpiece 1nspection
time may be reduced by avoiding running an autofocus rou-
tine 1f an 1mage 1s already 1n focus. In various embodiments,
the focus assessment method may include an ensemble of
classifiers. The ensemble of classifiers can be trained on dii-
ferent training data (sub)sets or different parameter (sub)sets,
and their classification outcomes combined by a voting
operation or the like, 1n order to enhance the overall accuracy
and robustness of the focus assessment method.
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1

SYSTEM AND METHOD FOR SINGLE
IMAGE FOCUS ASSESSMENT

FIELD OF THE INVENTION

The invention relates generally to methods for operating a
machine vision inspection system with a camera and stage

that are movable relative to one another 1n multiple directions
so as to scan and inspect selected features of a workpiece on
the stage, and more particularly to systems and methods that
are able to evaluate the focus of an i1mage that 1s being
ispected.

BACKGROUND OF THE INVENTION

Precision machine vision inspection systems (or ““vision
systems” 1n short) can be utilized to obtain precise dimen-
sional measurements of inspected objects and to inspect vari-
ous other object characteristics. Such systems may include a
computer, a camera and optical system, and a precision stage
that 1s movable 1n multiple directions so as to allow the
camera to scan the features of a workpiece that 1s being
ispected. One exemplary prior art system that 1s commer-
cially available 1s the QUICK VISION® series of PC-based
vision systems and QVPAK® software available from Mitu-
toyo America Corporation (MAC), located in Aurora, I11. The
teatures and operation of the QUICK VISION® series of
vision systems and the QVPAK® software are generally
described, for example, 1n the QVPAK 3D CNC Vision Mea-
suring Machine User’s Guide, published January 2003, and
the QVPAK 3D CNC Vision Measuring Machine Operation
Guide, published September 1996, each of which i1s hereby
incorporated by reference 1n their enftirety. This product, as
exemplified by the QV-302 Pro model, for example, 1s able to
use a microscope-type optical system to provide images of a
workpiece at various magnifications, and move the stage as
necessary to traverse the workpiece surface beyond the limits
of any single video 1image. A single video image typically
encompasses only a portion of the workpiece being observed
or inspected, given the desired magnification, measurement
resolution, and physical size limitations of such systems.

Machine vision mspection systems generally utilize auto-
mated video mspection. U.S. Pat. No. 6,542,180 teaches vari-
ous aspects of such automated video mnspection and 1s 1ncor-
porated herein by reference in its entirety. As taught 1n the
180 patent, automated video inspection metrology instru-
ments generally have a programming capability that allows
an automatic inspection event sequence to be defined by the
user for each particular workpiece configuration. This can be
implemented by text-based programming, for example, or
through a recording mode which progressively “learns™ the
inspection event sequence by storing a sequence ol machine
control instructions corresponding to a sequence of 1nspec-
tion operations performed by a user, or through a combination
ol both methods. Such arecording mode 1s often referred to as
“learn mode” or “training mode.” Once the 1nspection event
sequence1s defined 1n “learn mode,” such a sequence can then
be used to automatically acquire (and additionally analyze or
ispect) images of a workpiece during “run mode.”

The machine control instructions including the specific
ispection event sequence (1.e., how to acquire each image
and how to analyze/inspect each acquired image) are gener-
ally stored as a “part program” or “workpiece program” that
1s specific to the particular workpiece configuration. For
example, a part program defines how to acquire each image,
such as how to position the camera relative to the workpiece,
at what lighting level, at what magnification level, etc. Fur-

10

15

20

25

30

35

40

45

50

55

60

65

2

ther, the part program defines how to analyze/inspect an
acquired 1mage, for example, by using one or more video
tools such as edge/boundary detection video tools. One criti-
cal aspect 1s whether the acquired images are 1n focus.

Proper operation of a video tool depends on correct settings
of various machine, 1image, and video tool parameters that
alfect the operation of the tool. For example, for an edge/
boundary detection video tool to locate a target edge/bound-
ary 1n an 1mage, the image should be acquired with a correct
level of focus, lighting/brightness, magnification, etc. In
addition, the region of 1nterest of a video tool (i.e., the region
within a video 1image that the video tool searches) must be set
so as to actually contain an edge/boundary workpiece feature
to be detected.

Generally, the relevant machine and video tool parameters
that govern acquiring an 1mage of a workpiece feature and
ispecting the feature are established and set under rather
ideal conditions at the outset of defining and training a video
tool, for example during a training mode of operation and
programming. This 1s because, generally, an operator
observes a real-time display of the workpiece feature and
adjusts the relevant machine and video tool parameters, such
as focusing, machine positioning, lighting, tool positioning
and orientation, and other parameters until they are observed
to be 1n a relatively ideal state for providing an accurate
inspection result for the workpiece feature. However, during
subsequent repeated automatic operation of the video tool 1n
run mode, various unforeseen variations 1n part fabrication,
part fixturing, vision machine degeneration, ambient lighting
conditions, and the like, may contribute to a set of operating
conditions that are not suitable for the proper operation of the
video tool according to 1ts previously established operating
parameters. Thus, conventional video tools may fail to oper-
ate properly during “run mode™ operations, for example, due
to one or more unexpected variations 1n operating conditions
or workpiece characteristics. Conventional video tools may
also fail to operate properly during “learn mode™ operations,
because a relatively mnexperienced user may be unable to set
the relevant machine, 1image, or video tool parameters cor-
rectly, due to poor understanding of the operation of the tool
and/or mexperience regarding its application.

One of the 1ssues that may cause a video tool to fail to
operate properly 1s when an 1mage that 1s being inspected 1s
out of focus. To improve upon an 1mage that may be out of
focus, the system may run an autofocus process. One draw-
back of the autofocus process is that 1t involves a relatively
time consuming mechanical process consisting of acquiring a
series of 1mages at different camera-object distances, com-
puting 1mage characteristics indicative of the focus state (e.g.
image contrast) for each acquired image, and finding the best
focus position throughout the focus range of all the acquired
1mages.

Therefore, a need exists for a system and method for
assessing image focus from a single image. One use for such
a system and method 1s that 1n various applications 1t allows
processing time to be saved by avoiding running an autofocus
process, 1I an 1mage 1s already 1n focus.

SUMMARY OF THE INVENTION

It 1s known to quantily the degree of focus of an 1image
based on any of a variety of contrast measures, or spatial
frequency content measures, or the like. Typically, such mea-
sures are determined for various separate images of the same
workpiece feature, each 1mage corresponding to a different
lens-workpiece distance to the workpiece feature, and then
the measures are compared to determine which of the 1images
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exhibits the best focus. However, typically, a single quantita-
tive metric 1s generally used, and the comparison of separate
images ol a consistent field of view 1s a crucial aspect of the
operations. The comparison between images 1s crucial
because the quantitative metric value to be expected for a
focused 1mage cannot generally be predicted 1n advance for
non-speciiic or “uncontrolled” 1mages, such as a “new” type
of workpiece or a new type of workpiece feature, or the like.
However, by comparing the same metric between images of
the same workpiece feature taken at different lens-workpiece
distances, the best value for the metric generally corresponds
to an 1mage with relatively good focus. In a special case, when
imaging very similar, workpiece features under very consis-
tent imaging conditions (such as lighting, exposure time, etc.)
the metric for a current 1mage can be compared to the quan-
titative value obtained for an 1image of a different (but very
similar) workpiece feature taken at a previous time.

However, 1t should be appreciated that the previously
known focus assessment methods described above are not
appropriate for assessing the focus of an individual image,
that includes a new or unique workpiece feature that may
arise from a variety of relatively dissimilar workpieces or
workpiece features. In contrast to the foregoing methods,
according to the present invention, an 1image focus assessment
method 1s provided that works reliably for a variety of rela-
tively dissimilar workpieces or workpiece features, based on
analysis of a single 1mage (without the benefit of comparison
to other images). The robustness of the assessment method 1s
enhanced by the use of at least one classifier based on a
plurality of focus indicating characteristics or classification
features. The parameters or characteristics that are used by
classifiers for classification are conventionally referred to as
“features™, and they are often included 1n a multiple-param-
cter “feature vector” that 1s mput to the classifier. To avoid
confusion between visible features in the image and the
abstract features used by classifiers, herein we generally use
the term “workpiece feature” to refer to a visible workpiece
feature 1n an 1mage, and the terms “classification features™, or
“feature vector”, or “classification characteristic”, or the like,
to refer to aspects or parameters of an 1mage that are used for
classification. The aspects of the image used for classification
are generally determined by computation or other types of
analysis. If not specifically identified, the intended meaning
of the terms “feature” or “characteristic” will be apparent
from context.

In various exemplary embodiments of the invention, image
focus 1s assessed from a single 1image. In accordance with one
aspect of the invention, an 1image 1s analyzed and values are
determined for at least one multi-dimensional (or multi-pa-
rameter) focus classification feature vector. A focus assess-
ment method that includes at least one 1image focus classifier
1s then run. In one application of the mnvention, 1f the image
focus assessment method indicates that the 1mage 1s out of
focus, then an autofocus process may be performed to provide
an improved 1mage. This invention can save processing time
in such applications, by indicating or confirming whether an
image 1s 1n focus, or out of focus, insuring that the relatively
time-consuming mechanical autofocus process 1s performed
only when it 1s necessary. This invention has particular utility
in combination with the automatic video tool recovery meth-
ods of co-pending U.S. application Ser. No. 10/978,227, filed
Oct. 29, 2004, which 1s incorporated herein by reference 1n 1ts
entirety.

In accordance with another aspect of the invention, at least
one multi-parameter classifier 1s tramned on examples of
focused and defocused 1mages that are classified as in-focus
or out-of-focus by a user, 1 order to teach the classifier to
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similarly classily an 1mage focus, based on extracted focus
classification features. Various alternative types of pattern
classifiers may be used (e.g., neural network, k-nearest neigh-
bor rule (k-NNR) classifier, decision tree, fuzzy classifier,
Bayesian classifier, etc.) In one embodiment, a back-propa-
gation neural network classifier may be utilized to provide a
straightforward, lightweight implementation. In particular,
the back-propagation neural network classifier i1s easily
trained by example, and offers a compact classifier represen-
tation that has relatively small storage or memory require-
ments and provides fast classification (due to 1ts low compu-
tational requirements) once the network 1s tramned. In an
alternative embodiment, a K-NNR classifier may be used. A
k-NNR classifier has the advantage that 1t 1s relatively simple
to understand and easy to implement. However, since all
training examples effectively become a part of the classifier
(1n the basic form of the k-NNR classifier) 1t also has the
disadvantages that 1t has relatively large storage or memory
requirements and has relatively computation-intensive recall
(1t 15 a memory-based or “lazy” classifier). In addition,
because 1t typically employs a Euclidean distance metric
based on an mput vector having a relatively large number of
dimensions, it 1s susceptible to errors due to noise in the
inputs.

In accordance with another aspect of the invention, during,
a classification phase, for the 1image to be classified, 1its clas-
sification features are extracted or determined. In various
embodiments, multiple focus classification features may be
used. In various embodiments, the extracted classification
features may include (but are not limited to) a contrast or
contrast-range type ol indicator, and/or an edge strength 1ndi-
cator, and/or an average 1image grayscale value, and/or one or
more features of an 1image pixel intensity histogram. In accor-
dance with one aspect of the invention, in some embodiments,
the bins of an 1mage pixel intensity histogram may be defined
according to a prescribed structure or set of limits. In various
embodiments, the mput focus classification features may be
normalized, so that the classifier (e.g. neural network classi-
fier) 1s not dominated by classification features with 1diosyn-
cratically large numerical values. Then, the focus classifica-
tion features are processed by the classifier (e.g., a trained
neural network), which outputs the image focus classification
(e.g., In some embodiments, a single continuous floating-
point numerical output, which 1s interpreted as 1n-focus or
out-of-focus depending on 1ts value).

In accordance with another aspect of the invention, at least
one set of tramning 1mages 1s collected or defined, including
focused and defocused 1images, and each image 1s labeled or
characterized regarding its focus classification state, accord-
ing to user desires or design criteria (e.g. the labels may be
assigned manually by a user, and consist of a numerical
classification value for each image, with one numerical value
or range of values representing “in focus™ and a different
value, or range of values, representing “out of focus™.) The
assigned labels then become the desired classifier (e.g. neural
network) outputs to be learned during a classifier training
phase. During the training phase, the relevant focus classifi-
cation features (that 1s, feature values or the like) are extracted
or determined for each training 1image, to determine or gen-
erate a focus classification feature vector for each training
image. The focus classification feature vector may include
any classification features that are usetul for classifying an
image focus, for example, one or more features related to
“contrast” or contrast-range, or the like (e.g. the grayscale
variance ol the image, or the like), and/or an average edge
strength of the 1mage measured as the average value of the
image gradient for all pixels with gradient magnitude larger
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than a desired noise threshold, and/or the grayscale average
intensity of the image, and/or one or more classification fea-
tures of an 1mage pixel intensity histogram, or the like. In
accordance with one aspect of the invention, in some embodi-
ments, the bins of an 1mage pixel intensity histogram may be
defined according to a prescribed structure or set of limits. As
previously indicated, the classification feature values may be
normalized to avoid domination of the classifier (e.g., neural
network) mputs by classification features that typically have
large nominal numerical values, while other classification
features may typically have small nominal numerical values,
prior to normalization. The classifier 1s then trained using any
training method that 1s appropriate for that particular type of
classifier. For example, 1n the case of a neural network clas-
sifier or the like, the classifier 1s then trained by repeatedly
iterating through all of the training images (each training
image being represented by its focus classification feature
vector) and theirr manually assigned focus classification
labels (which are typically, but not necessarily, numerical
values). However, for some other types of classifiers, non-
iterative training methods are appropriate. In any case, during
the tramning phase, the classifier learns or determines the
relationships between the extracted focus classification fea-
tures and the manually assigned image focus classification
labels, and generalizes these relationships, 1n order that they
may be applied to properly classify later-acquired 1images that
are to be evaluated.

In accordance with another aspect of the invention, 1n some
embodiments or applications, the classifier (e.g., a neural
network) may be customized to improve the classification
performance for the images from particular types of mspec-
tion workpieces, or the like. In other words, while 1n some
applications a generic classifier may be trained to provide
reasonably accurate focus assessment for 1mages obtained
from a relatively large or “uncontrolled” variety of work-
pieces, 1n other applications a more specialized classifier may
be customized and/or trained to classily images obtained
from a relatively small or “controlled” variety of workpieces,
or even a single type of workpiece. In such “restricted” appli-
cations where a classifier 1s not expected to be used for a large
or uncontrolled variety of workpieces, such a specialized
classifier can be faster and more accurate than a generically-
trained classifier.

In accordance with another aspect of the mvention, steps
are taken to avoid over-training the classifier. In other words,
if too many training iterations are run during the training
phase of a neural network classifier, or the decision bound-
aries of a k-NNR classifier are not smooth enough, the clas-
sifier may become “‘over-trained”, that 1s, too specifically
adapted to the specific set of traiming 1mages. In such a case,
the classifier may actually become less robust, and less able to
properly evaluate later-acquired images that may include
image characteristics and/or workpiece features that vary
from the nominal characteristics and/or workpiece features of
the tramning set. For many types of classifiers, for example
neural network classifiers, this can be avoided by manually or
automatically monitoring a classification error value during
the training process, and stopping the training process once
the error value has reached a relatively low level and/or a level
where additional iterations do not result 1n significant addi-
tional reductions in the error value. Alternatively, the error
value reduction rate can be manually or automatically moni-
tored, and when the rate 1s still significant, but drops below a
desired threshold, the training can be terminated following a
specific number of additional training 1terations. In the case of
a k-NNR type of classifier, over-training problems may be
avoided by choosing relatively high values of k, which tends
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to provide smooth classification boundaries and a classifier
that 1s not too specialized to a particular set of training images.

In accordance with another aspect of the invention, when
an 1mage pixel intensity histogram 1s utilized, the number of
bins and/or their limaits are selected so as to provide valuable
information about the image pixel intensity distribution while
also avoiding an excessive number of bins. An excessive
number of bins may introduce irrelevant classifier imputs
(which may be regarded as noise), which may decrease the
classification performance. For example, in one embodiment
where an 1mage pixel intensity histogram provides one or
more focus classification features, approximately six bins are
used. However, this example 1s illustrative and not limiting. In
various other embodiments, a somewhat fewer or greater
number of bins may be used 1n accordance with the previ-
ously described principles.

BRIEF DESCRIPTION OF THE DRAWINGS

The foregoing aspects and many of the attendant advan-
tages of this imnvention will become more readily appreciated
as the same become better understood by reference to the
following detailed description, when taken 1n conjunction
with the accompanying drawings, wherein:

FIG. 1 1s a diagram showing various typical components of
a machine vision mspection system;

FIG. 2 1s a diagram of a control system portion and a vision
components portion of a machine vision mspection system;

FIG. 3 1s a tlow diagram 1illustrative of one embodiment of
a routine for a focus assessment method that classifies the
focus of an 1mage 1n accordance with the present invention;

FIG. 4 1s a flow diagram 1illustrative of a first exemplary
embodiment of a routine for determining focus classification
features for a multi-parameter classifier in accordance with
the present invention;

FIG. 5 1s a tlow diagram 1illustrative of one embodiment of
a routine for training one or more classifiers for a focus
assessment method 1n accordance with the present invention;

FIG. 6 1s a flow diagram 1illustrative of a second exemplary
embodiment of a routine for determining focus classification
features for a multi-parameter classifier 1n accordance with
the present invention;

FIG. 7 1s a tlow diagram 1illustrative of one embodiment of
a routine for determining 1f an 1mage 1s 1n focus and performs-
ing an autofocus process;

FIG. 8 15 a screen shot illustrating one example of an out of
focus 1mage and a user interface usable to mput and label
training 1mages, train focus classifier(s), run focus classifier
(s), and display assessed 1images and their classification; and

FIG. 9 1s a screen shot of the user interface of FIG. 8,
wherein the assessed 1image 1s 1n focus.

PR.

(L]
=]

ERRED

DETAILED DESCRIPTION OF THE
EMBODIMENT

FIG. 1 1s a block diagram of one exemplary machine vision
inspection system 10 usable 1n accordance with the present
invention. The machine vision mspection system 10 includes
a vision measuring machine 12 that 1s operably connected to
exchange data and control signals with a controlling com-
puter system 14. The controlling computer system 14 1s fur-
ther operably connected to exchange data and control signals
with a monitor or display 16, a printer 18, a joystick 22, a
keyboard 24, and a mouse 26. The monitor or display 16, may
display a user interface suitable for controlling and/or pro-
gramming the operations of the machine vision inspection
system 10.
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The vision measuring machine 12 includes a moveable
workpiece stage 32 and an optical imaging system 34 which
may include a zoom lens or interchangeable lenses. The zoom
lens or interchangeable lenses generally provide various mag-
nifications for the images provided by the optical imaging
system 34. In many applications, the 1images may include
microscopic workpiece features, and exhibit both in-focus
and out-of-focus portions due to the limited depth of field of
the magniiying lenses 1n combination with the geometry of an
imaged workpiece. The machine vision inspection system 10
1s generally comparable to the QUICK VISION® series of
vision systems and the QVPAK® software discussed above,
and similar state-of-the-art commercially available precision
machine vision inspection systems. The machine vision
inspection system 10 1s also described 1n the previously incor-
porated U.S. patent application Ser. No. 10/978,227.

FIG. 2 1s a diagram of a control system portion 120 and a
vision components portion 200 of a machine vision 1mspec-
tion system 100 1n accordance with the present invention. As
will be described 1n more detail below, the control system
portion 120 1s utilized to control the vision components por-
tion 200. The vision components portion 200 includes an
optical assembly portion 205, light sources 220, 230 and 240,
and a workpiece stage 210 having a central transparent por-
tion 212. The workpiece stage 210 1s controllably movable
along X andY axes that lie 1n a plane that 1s generally parallel
to the surface of the stage where a workpiece 20 may be
positioned. The optical assembly portion 205 includes a cam-
era system 260, an interchangeable objective lens 250, and
may include a turret lens assembly 280, and the coaxial light
source 230. Alternatively to the turret lens assembly, a fixed or
manually interchangeable magnification-altering lens, or a
zoom lens configuration, or the like, may be included. The
optical assembly portion 205 1s controllably movable along a
7. axis that 1s generally orthogonal to the X and Y axes, by
using a controllable motor 294, as described turther below.

A workpiece 20 that 1s to be imaged using the machine
vision mspection system 100 1s placed on the workpiece stage
210. One or more of the light sources 220, 230 and 240 emuts
source light 222, 232, or 242, respectively, that 1s usable to
illuminate the workpiece 20. Light emitted by the light
sources 220, 230 and/or 240 i1lluminates the workpiece 20 and
1s reflected or transmitted as workpiece light 255, which
passes through the interchangeable objective lens 250 and the
turret lens assembly 280 and 1s gathered by the camera system
260. The image of the workpiece 20, captured by the camera
system 260, 1s output on a signal line 262 to the control system

portion 120.
The light sources 220, 230, and 240 that are used to illu-

minate the workpiece 20 can include a stage light 220, a
coaxial light 230, and a surface light 240, such as a ring light
or a programmable ring light, all connected to the control
system portion 120 through signal lines or busses 221, 231
and 241, respectively. As a primary optical assembly of the
machine vision inspection system 100, the optical assembly
portion 205 may include, 1n addition to the previously dis-
cussed components, other lenses, and other optical elements
such as apertures, beam-splitters and the like, such as may be
needed for providing coaxial illumination, or other desirable
machine vision inspection system Ifeatures. When it 1s
included as a secondary optical assembly of the machine
vision inspection system 100, the turret lens assembly 280
includes at least a first turret lens position and lens 286 and a
second turret lens position and lens 288. The control system
portion 120 rotates the turret lens assembly 280 along axis
284, between at least the first and second turret lens positions,
through a signal line or bus 281.
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The distance between the workpiece stage 210 and the
optical assembly portion 205 can be adjusted to change the
focus of the image of the workpiece 20 captured by the
camera system 260. In particular, 1n various exemplary
embodiments, the optical assembly portion 205 1s movable 1n
the vertical Z axis direction relative to the workpiece stage
210 using a controllable motor 294 that drives an actuator, a
connecting cable, or the like, to move the optical assembly
portion 205 along the 7 axis. The term 7 axis, as used herein,
refers to the axis that 1s mtended to be used for focusing the
image obtained by the optical assembly portion 205. The
controllable motor 294, when used, 1s connected to the input/
output interface 130 via a signal line 296.

As shown 1n FIG. 2, in various exemplary embodiments,
the control system portion 120 includes a controller 125, an
input/output interface 130, a memory 140, a workpiece pro-
gram generator and executor 170, a CAD file feature extractor
180, and a power supply portion 190. It will be appreciated
that each of these components, as well as the additional com-
ponents described below, may be interconnected by one or
more data/control buses and/or application programming
interfaces, or by direct connections between the various ele-
ments.

The input/output interface 130 includes an imaging control
interface 131, a motion control mterface 132, a lighting con-
trol interface 133, and a lens control interface 134. The
motion control interface 132 includes a position control ele-
ment 132a, and a speed/acceleration control element 1325.
However, it should be appreciated that in various exemplary
embodiments, such elements may be merged and/or indistin-
guishable. The lighting control interface 133 includes light-
ing control elements 133a-133#», which control, for example,
the selection, power, on/oil switch, and strobe pulse timing 11
applicable, for the various corresponding light sources of the
machine vision inspection system 100, such as the light
sources 220, 230, and 240.

The memory 140 includes an 1mage file memory portion
141, a workpiece program memory portion 142 that may
include one or more part programs, or the like, and a video
tool portion 143. The video tool portion 143 includes tool
portions 143a-143m, which determine the GUI, image pro-
cessing operation, etc., for each of the corresponding tools.
The video tool portion 143 also includes a region of interest
generator 143x that supports automatic, semi-automatic and/
or manual operations that define various regions of interest
that are operable 1n various video tools included 1n the video
tool portion 143. The memory 140 may also include a video
tool recovery portion 144 and an image focus assessment
portion 145. The video tool recovery portion 144 may com-
prise circuits, routines and/or applications usable to perform
the operations described 1n the previously incorporated *227
application. The image focus assessment portion 145 may
comprise a classifier training portion 145 and an image
focus classification portion 14356 that, respectively, include
circuits, routines and/or applications usable to perform the
various focus assessment training operations and focus clas-
sification operations disclosed herein. However, more gener-
ally, this invention may be implemented in any now known or
later-developed form that 1s operable in conjunction with the
machine vision mspection system 100, or the like.

In general, the memory portion 140 stores data usable to
operate the vision system components portion 200 to capture
or acquire an image ol the workpiece 20 such that the
acquired 1image of the workpiece 20 has desired image char-
acteristics. The memory portion 140 further stores data usable
to operate the machine vision ispection system 100 to per-
form various mspection and measurement operations on the
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acquired 1mages, either manually or automatically, and to
output the results through the input/output interface 130. The
memory portion 140 also contains data defining a graphical
user interface operable through the put/output interface
130.

The signal lines or busses 221, 231 and 241 of the stage
light 220, the coaxial light 230, and the surface light 240,
respectively, are all connected to the input/output interface
130. The si1gnal line 262 from the camera system 260 and the
signal line 296 from the controllable motor 294 are connected
to the mput/output interface 130. In addition to carrying
image data, the signal line 262 may carry a signal from the
controller 123 that initiates 1mage acquisition.

One or more display devices 136 and one or more input
devices 138 can also be connected to the input/output inter-
face 130. The display devices 136 and mput devices 138 can
be used to view, create and/or modily part programs, to view
the 1images captured by the camera system 260, and/or to
directly control the vision system components portion 200. In
a Tully automated system having a predefined part program
(or workpiece program), the display devices 136 and/or the
input devices 138 may be omitted.

With regard to the CAD file feature extractor 180, infor-
mation, such as a CAD f{ile representing a workpiece 1s ire-
quently available in industrial applications of machine vision
inspection systems. The locations of edges and boundaries 1n
the CAD file representation may be determined manually, 1n
a semi-automated fashion, or fully automatically, in such
information may be useful for workpiece programming or
navigating to a desired workpiece feature.

In various exemplary embodiments, when a user utilizes
the machine vision inspection system 100 to create a work-
piece 1mage acquisition program for the workpiece 20, the
user generates workpiece program instructions either by
explicitly coding the instructions automatically, semi-auto-
matically, or manually, using a workpiece programming lan-
guage, or by generating the instructions by moving the
machine vision inspection system 100 through an image
acquisition tramning sequence such that the workpiece pro-
gram instructions capture the training sequence. This process
1s repeated for multiple images 1n a set of images that are to be
captured. These instructions, when executed, will cause the
machine vision inspection system to manipulate the work-
piece stage 210 and/or the camera system 260 at certain
speed(s) such that a particular portion of the workpiece 20 1s
within the field of view of the camera system 260 and at a
desired focus state for each of a set of 1images to be acquired.
In addition to the program instructions that control the rela-
tive movement of the camera and the workpiece, the work-
plece 1mage acquisition program also needs to include pro-
gram 1nstructions that activate one or more of the light sources
220-240 to provide a desired 1llumination of the workpiece 20
during each 1mage acquisition.

Once a set of workpiece image acquisition instructions are
defined, the control system 120 executes the mstructions and
commands the camera system 260 to capture one or more
images of the workpiece 20 according to the instructions. The
control system 120 will then, under control of the controller
125, input the captured image(s) through the input/output
interface 130 and store the captured 1image(s) in the memory
140. The controller 125 may also display the captured images
on the display device 136.

The control system portion 120 1s further usable to recall
captured and stored workpiece inspection images, to inspect
and analyze workpiece features 1n such workpiece imspection
images, and to store and/or output the inspection results.
These methods are typically embodied 1n various video tools
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included 1n the video tool portion 143 of the memory 140.
Such tools may include, for example, edge/boundary detec-
tion tools (one example of which 1s disclosed 1n U.S. patent
application Ser. No. 09/987,986, incorporated by reference
herein), shape or pattern matching tools, dimension measur-
ing tools, coordinate matching tools, autofocus tools, and the
like. For example, such tools are routinely used 1n a variety of
commercially available machine vision mspection systems,
such as the QUICK VISION® series of vision systems and
the associated QVPAK® software, discussed above. Autolo-
cus tools, such as the surface focus tools and edge focus tools
available 1n the QVPAK® software and other commercially
available machine vision systems, may be run 1f an 1image 1s
determined to be out of focus according to the principles of
this mvention. In addition, improved autofocus tools and
methods may be used, such as those described 1n co-pending
U.S. patent application Ser. No. 10/719,210, filed Nov. 24,
2003, which 1s incorporated herein by reference 1n 1ts entirety.

Other tools available in QVPAK® software and the like
include, for example, a Point tool, a Box tool, a Circle tool,
and an Arc tool (see QVPAK 3D CNC Vision Measuring
Machine User’s Gude, mncorporated by reference above).
Each of these tools may be used to automatically detect a
particular edge/boundary of a workpiece feature 1n an image.

After the image mspection/analysis operation using one or
more of these video tools 1s completed, the control system
120 outputs the results of each analysis/inspection operation
to the input/output interface for outputting to various display
devices 136, such as a video display, printer, and the like. The
control system 120 may also store the results of each 1nspec-
tion operation in the memory 140.

The ability to assess 1mage focus from a single 1mage can
save processing time 1n various applications, by indicating or
confirming whether an 1mage 1s in focus, or out of focus,
insuring that a relatively time-consuming mechanical autofo-
cus process 1s performed only when it 1s necessary. As noted
previously, this invention has particular utility in combination
with the automatic video tool recovery methods of the previ-
ously mncorporated 227 application, since incorrect image
focus 1s one the most typical causes of video tool failure and
therefore needs frequent assessment.

The single 1mage focus assessment process 1s summarized
briefly here, and will be described 1n more detail below with
respect to FIGS. 3-9. In summary, to determine 1f an 1image 1s
in or out of focus, an 1mage focus classification routine may
be run on the image. During the classification routine, a
plurality of focus classification features are extracted or deter-
mined. The plurality of focus classification features are uti-
lized by the classifier to assess whether the image 1s in focus.
Examples of possible focus classification features may
include contrast-related or contrast range type of indicator, an
edge strength (or edge gradient) indicator, an average gray-
scale value, the characteristics of a multi-bin 1mage pixel
intensity histogram, etc. As previously indicated, classifica-
tion feature values may be normalized to avoid domination of
the classifier inputs by classification features that may typi-
cally have large nominal numerical values, while other clas-
sification features may typically have small nominal numeri-
cal values, prior to normalization. Once all the desired
classification features are obtained for the image, they are
processed by at least one classifier (e.g., a trained neural
network), which outputs an 1image focus classification (e.g., a
single continuous (floating point) numerical output that 1ndi-
cates whether the 1image 1s 1n or out of focus, depending on 1ts
value).

FIG. 3 1s a tlow diagram 1illustrative of one embodiment of
a routine 300 for a focus assessment method that classifies the
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focus of an 1mage in accordance with the present invention. At
a block 310, a respective plurality of focus classification
features, that 1s, a plurality of feature values or the like, are
determined or extracted from the image for at least one
respective classifier. Using at least one classifier that 1s based
on a plurality of classification features tends to increase the
robustness of a focus assessment method that 1s expected to
correctly classily a variety of workpiece images. In some
cases, the classification features may be determined based on
the entire 1mage, 1n order to classity the entire 1mage. How-
ever, In many cases, 1t 1s only important to assess the focus of
an 1mage 1n the neighborhood of a region of interest (ROI)
associated with a video tool that 1s used to inspect a workpiece
feature at that location. In such cases, to ensure that the video
tool works properly, 1t 1s sufficient to determine the classifi-
cation features based just on the neighborhood of the region
of interest, for example, a neighborhood that nominally
includes the entire region of interest as well as a bufler zone
large enough to allow for the region of interest remaining 1n
the analyzed neighborhood for all expected part fixturing and
feature location tolerances, and the like.

Atablock 320, the classification outcome 1s determined for
cach of the respective classifiers that had their respective
plurality of focus classification features determined by the
operations of block 310. At a decision block 330, if the focus
assessment method includes one or more additional classifi-

ers, that are based on a single classification feature, then

operation continues at a block 340, otherwise, operation con-
tinues from block 330 to a decision block 360. At the block
340, a respective classification feature, that 1s, a feature value
or the like, 1s determined or extracted from the 1mage for each
such classifier and at a block 350, the classification outcome
1s determined for each of the respective classifiers that had
their respective focus classification feature determined by the

operations ol block 340. Operation then continues to the
decision block 360. At the decision block 360, i1 the focus

assessment method 1s an embodiment that includes determin-
ing (and later combining) the outcomes of a plurality of
classifiers, then operation continues at a block 370, otherwise,
operation continues from block 360 to a block 380.

Atthe block 370, the outcomes of the plurality of classifiers
are combined to determine a final “multi-classifier” outcome
for the 1image, and operation continues at the block 380. As
one example, each classifier outcome may be a value that 1s
numerically combined with the other classifier outcomes, to
arrive at a multi-classifier numerical value that 1s indicative of
an 1n-focus or out-of-focus 1image, depending on 1ts value. As
a second example, each individual classifier outcome may be
converted to a “vote” that the image 1s either 1n-focus or
out-of-focus, and the multi-classifier outcome may be deter-
mined as the focus state having the most votes. Focus assess-
ment using multiple classifiers 1s discussed further below.

At the block 380, the image 1s classified based on the
previously determined classifier outcome. If the focus assess-
ment method 1s a multi-classifier method, then the 1image 1s
classified based on the outcome determined by the operations
of block 370. If the focus assessment method 1s a multi-
parameter single-classifier method, then the 1image 1s classi-
fied based on the outcome determined by the operations of
block 320. For example, 11 the previously determined classi-
fier outcome 1s a numerical value, the numerical value may be
compared to an “in-focus/out-of-focus” numerical threshold,
and the image classified accordingly. Then, at a block 390, the
image focus classification is output or stored, and the method
ends. The focus classification output may be used by other
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operations of the machine vision system, for example, to
govern whether a subsequent autofocus operation will be
performed.

FIG. 4 1s a flow diagram 1illustrative of a first exemplary
embodiment of a routine 400 for determining focus classifi-
cation features for a multi-parameter classifier, such as one or
more classifiers included 1n the operations of block 310 of the
previously described focus assessment routine 300. However,
with reference to the operations of block 310, the routine 400
1s exemplary only, and not limiting.

Beginning at a block 410 for a current classifier, at least one
focus classification feature corresponding to edge strength 1s
determined, based at least on the neighborhood of a region of
interest 1n the 1image to be assessed. Generally, edge strength
may be indicated by the magnitude of one or more of various
gradient measures. For example, one or more of the following
gradient-sensitive metrics, averaged over the area analyzed,
may be used.

Mﬂ_fﬂﬁgz(x V) ‘65552 V)
_ 2
My = ff(@gz(x y)] (ﬁgf;, y)] dxdy

(1)

dxdy

(2)

(3)

62 &i (X, y) .
M~ = d xd
C ff axz + 6}’2 Xy
gitr.y) gl y)Y ()
Mn = dxd
D ff[ 6}:2 6}’2 XY

where g.(X,y) 1s the 1mage grayscale value (intensity) at an
(x,y) location. It will be recognized that the foregoing equa-
tions are generic or “theoretical” types of expressions. How-
ever, one ol ordinary skill 1n the art may readily determine
practical formulations corresponding to these equations, for
example formulations that perform corresponding operations
or analyses for local groups of neighboring pixels and sum the
results of the analyses for all the local groups within a desired
image area, or the like. For example, another gradient-sensi-
tive metric that may be used, expressed here 1 a “practical
formulation”, 1s:

n (9)
Mg = Z ((A; — B))* +(A; = C;))* +(D; — B)* +(D; — C;)*)

=1

where A -D, are the gray levels or intensities for the 1th
group ol four nearest-neighbor pixels, and the summation for
n extends over the image area to be analyzed.

In addition, 1 various embodiments it 1s advantageous 1 a
noise threshold i1s implemented with any of the foregoing
edge strength metrics. That 1s, the gradient value at any pixel
1s included or accumulated 1n the metric only 11 it exceeds a
threshold value that 1s related to a gradient value expected for
“recognizable” edge images. However, the foregoing metrics
are exemplary only, and not limiting. More generally, any
suitable now-known or later-developed metric that 1s indica-
tive of edge strength, e.g. high frequency Fourier or wavelet
coellicients, may be used.

Next, at a block 420, for the current classifier, at least one
focus classification feature that 1s contrast-related or contrast-
range-related, or an 1image pixel intensity statistical distribu-
tion parameter, or the like, 1s determined based at least on the
neighborhood of a region of interest in the 1mage to be
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assessed. The term “contrast” 1s used herein 1n an informal
sense, to refer generally to the intensity variation or intensity
range included i1n a relevant portion of an 1image. The term
“contrast” does not imply a formal or mathematical “image
processing”’ type of definition, unless otherwise indicated by
context. In contrast to the atorementioned edge strength 1ndi-
cators, contrast-related or contrast-range-related features or
intensity statistical distribution parameter classification fea-
tures, are chosen to be relatively insensitive to the spatial
distribution and/or directionality associated with the pixel
intensity variations in an image. Thus, such classification
teatures will provide additional information about global (av-
erage) “contrast” and/or brightness of an 1mage, that supple-
ments the type of mformation provided by edge strength
indicators and the like.

The global “contrast” or contrast-range of an image may be
indicated by the magnitude of one or more of various mea-
sures. For example, the following metric, averaged over the
area analyzed, may be used.

Mg = ff(gi (x, y) —m;) dxdy

where mi 1s the mean gray level of the analyzed image
region. However, the foregoing metric 1s exemplary only, and
not limiting. More generally, any suitable now-known or
later-developed metric that 1s indicative of a global image
“contrast” or contrast-range, or the like, may be used.

(6)

In place of, or 1n addition to, the foregoing “contrast” or
contrast-range type metrics, one or more parameters related
to an 1mage pixel intensity statistical distribution may be
determined at block 420. In one implementation, the average
image pixel intensity 1s a statistical distribution parameter
that may be used as a focus classification feature. For
example, when one or more edge strength classification fea-
tures are eflective for classitying focus 1n application, the
average 1mage pixel intensity provides a useful supplemental
classification feature, which tends to reject images as out-oi-
focus when an expected lighting condition causes a signifi-
cantly over-exposed or under-exposed 1mage, which 1s not
suitable for analysis, or requires different decision boundaries
for its extracted edge strength parameters. In another
example, the image grayscale variance of EQUATION 6 pro-
vides useful additional information about how “faded” the
analyzed 1mage 1s. In some applications, a different focus
classification may be desirable for images with similar edge
strength parameters but a different amount of overall “fading”
or “contrast”. In another implementation, the image pixel
intensity statistical distribution 1s represented by an intensity
frequency histogram.

With regard to using an image pixel intensity histogram, 1t
should be appreciated that 1n certain implementations, utili-
zation of too many bins for the histogram may tend to intro-
duce too many 1rrelevant inputs to the related classifier, which
often decreases the performance of a classifier or makes 1t
prone to over-fitting the training set of 1images. That 1s, the
resulting classifier works very well for the training set of
images, but tends to perform less well for new, more general,
images be classified. In one implementation, utilization of six
bins was found advantageous. However, more generally,
approximately 4-12 bins may also have advantages in various
applications. In one exemplary six-bin implementation, the
histogram 1s normalized by the total number of pixels, and
one bin 1s utilized for saturated pixels with a grayscale value
equal to 255, while the remaining five bins may be evenly
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distributed from O to 255. In various embodiments, any or all
ol the bin frequencies are distribution parameters that may be
used as a focus classification feature. In various other
embodiments, ratios between various bin frequencies, or
ratios between combinations of bin frequencies, or the like,
are distribution parameters that may be used as a focus clas-
sification feature. However, the foregoing histogram distribu-
tion parameters are exemplary only, and not limiting, and
other parameters may be derived from such a histogram and
provide usetul focus classification features.

Next, at a block 430, 1f the native value of one or more of
the previously determined focus classification features 1s not
suitable 1n comparison to the native values of other classifi-
cation features used by the current classifier, then such clas-
sification features are normalized so as to avoid distortion of
the desired operation of the classifier (e.g. a neural network)
by classification features with idiosyncratically large or small
numerical values, and the routine 400 ends.

As will be described 1n more detail below with reference to
FIG. 5, at least one classifier, including at least one multi-
teature classifier, 1s trained on examples of focused and defo-
cused i1mages that have been previously classified, for
example by an expert user, in accordance with a desired
classification outcome that, 1deally, 1s to be matched by each
trained classifier. Multiple types of classifiers may be utilized
individually, or in combination (e.g., neural network, k-near-
est neighbor rule classifier (k-NNR), decision tree, fuzzy
classifier, Bayesian classifier, etc.) In one embodiment, at
least one classifier 1s a back-propagation neural network type
of classifier. Such a classifier provides easy training-by-ex-
ample, and provides eflicient implementation 1n terms of
computation time and storage requirements, resulting 1n fast
classification (fast recall) once the classifier is trained.

FIG. 5 1s a tlow diagram 1illustrative of one embodiment of
a routine 300 for training one or more classifiers for a focus
assessment method in accordance with the present invention.
At a block 510, at least one set of traiming 1mages, which
should include both focused and defocused 1images, are input
along with the expected classification values for each image.
For example, an expert may manually review each image and
enter a classification value that 1s indicative of whether each
image 1s 1n or out of focus. In one embodiment, an 1mage that
1s 1n focus 1s assigned a classification value of 0, while a
slightly out of focus 1mage 1s assigned a classification value of
1, and a significantly out of focus 1image 1s assigned a classi-
fication value of 2. These assigned classification values then
become the desired classifier (e.g. neural network) outcomes
or outputs to be learned. More than one set of training images
may be desirable when the 1mage assessment method
includes more than one classifier, as described 1n greater
detail below.

At a block 520, at least one respective classifier 1s defined
or chosen to be trained for each respective set of training
images. At least one respective classifier used by the focus
assessment method should be based on a plurality of focus
classification features. As one example, the previously
described routine 400 may be used to determine the plurality
of features. Operation continues at a block 530, where the
operations of blocks 540-570 are performed for the first/next
set of training 1mages. At a block 540, for the first/next image
of the current training image set, the focus classification
features are determined for that image, for each respective
classifier associated with the current training image set. Next,
at a decision block 550, it 1s determined whether all images 1n
the current set 1 training 1mages have been analyzed. If all
images have been analyzed, operation continues at a block
560, otherwise the routine returns to the operations of block
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540. At the block 560, each respective classifier associated
with the current set of training 1mages 1s trained based on its
associated focus classification features determined at block
520 for each training 1mage, along with the desired focus
classifications for each traiming 1image provided at block 510.

In general, training can be accomplished for a neural net
type classifier by repeatedly iterating through all of the train-
ing images (each respective training image being represented
by 1its respective classification feature vector) and their
assigned focus classifications; or for a k-NNR classifier, by
incorporating the training set data entries 1n the classifier, or
for a decision-tree type classifier by performing other data
analysis/extraction/transformation on the training data in
order to obtain sufficiently generalized decision rules for the
image focus assessment. In other words, the purpose of the
training phase 1s for the classifier to effectively “learn™ or
“discover” the relationships between the extracted classifica-
tion features and the assigned or desired image focus classi-
fication states, and to generalize these relationships for appli-
cation during a later classification phase, when new 1mages
will be mput and assessed. More generally, various trainming,
methods and algorithms for various types of classifiers are
available 1n the related literature, as known to one skilled in
the art, and any applicable now-known or later-developed
training method or algorithm may be used.

At adecision block 570, 1t 1s determined whether classifier
training has been completed for all the training image sets. I
not, the routine 500 returns to the operations of the block 530.
Otherwise, operation continues at a block 580, where the
respective operating parameters (e.g., the weighting coetii-
cients, training-data feature vectors, or the like) associated
with each respective trained classifier are stored for later use,
and the routine ends. It should be appreciated that the order of
operations shown and described above with reference to FIG.
5 are exemplary only, and not limiting. Various other orders
and/or combinations of such operations may be used, as will
be apparent to one skilled in the art based on the information
disclosed herein.

In various embodiments, a focus assessment method
according to this invention may use a single multi-feature
classifier and a single set of training 1mages. In various other
focus assessment method embodiments according to this
invention, a now-known or later-developed type of multi-
classifier “ensemble” or “ensemble learning™ classification
method (also known as “synergistic classification” or “mul-
tiple cooperating classifiers™) may be used. It 1s known that in
various applications of classification, the results of an
ensemble of “independent” classifiers can sometimes be
combined to 1ncrease the accuracy and/or robustness of clas-
sification, compared to the performance generally provided
by a single one of the classifiers. In the present case, indepen-
dent classifiers can generally be provided by using qualita-
tively different classifiers, or by traiming similar or qualita-
tively different classifiers using independent sets of training,
images (“data partitioning”), or by training similar or quali-
tatively different classifiers using different (sub)sets of
extracted image features (“feature partitioning”), or both. For
example, different sets of training 1mages may be provided as
randomly selected subsets of a master set of training 1mages,
or they may be sets of images derived from qualitatively
different types of workpieces or workpiece features. In either
case, even for similar classifiers, a different training result
(that 1s, a quantitatively different classifier) may be obtained
in relation to each different set of training 1mages, and the
classifiers of the same type, but having different training
results (e.g. different sets of trained weights for neural net
classifiers) may be used as members of a multi-classifier
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focus assessment method according to this invention. Of
course, qualitatively different types of classifiers, traimned on
similar or dissimilar sets of training 1images, may also be used
as members ol a multi-classifier focus assessment method
according to this mnvention.

As previously described in this respect to the block 370 of
the routine 300 shown 1n FIG. 3, the outcomes of a plurality of
classifiers may be combined to determine a final “multi-
classifier” outcome for an 1image to be assessed according to
this invention. As one example, each classifier outcome may
be a value that 1s numerically combined with the other clas-
sifier outcomes, to arrive at a multi-classifier numerical value
that 1s indicative of an in-focus or out-of-focus 1mage,
depending on 1ts value. As a second example, each individual
classifier outcome may be converted to a “vote” that the
image 1s either in-focus or out-oi-focus, and the multi-clas-
sifier outcome may be determined as the focus state having
the most votes. As a further example, the votes may be
weighted by coellicients proportional to the classification
performance of each classifier on a training set or test set of
images. However, these methods of determining a multi-
classifier outcome are exemplary only, and not limiting. More
generally, any applicable now-known or later-developed
method or output combination strategy for determining a
multi-classifier outcome may be used. Various aspects of
ensemble learning and classification methods are discussed 1n
US Patent Application Publication no. 2003/0033436 Al,
published Feb. 13, 2003, which 1s incorporated herein by
reference, 1n 1ts entirety. In addition, ensemble learning and
classification methods are discussed in “Attribute bagging:
improving accuracy of classifier ensembles by using random
feature subsets”, by Robert Bryll, et al. in Pattern Recognition
36 (2003), pages 1291-1302, which 1s incorporated herein by
reference for 1ts representation of various aspects of the state-
of-the-art regarding the use of ensemble learning and classi-
fication.

FIG. 6 15 a flow diagram 1illustrative of a routine 600, that 1s
a second exemplary embodiment of a routine for determining
focus classification features for a multi-parameter classifier in
accordance with the present invention. Operation begins at a
block 610, where the operations of blocks 620-670 are per-
formed for a current 1mage, at least 1n the neighborhood of a
region of interest. At a block 620, at least one edge strength
focus classification feature 1s determined. At a block 630, at
least one focus classification feature related to “contrast™ or
contrast-range, or the like, 1s determined. At a block 640, an
average grayscale focus classification feature 1s determined.
At a block 650, a six-bin 1mage pixel intensity histogram 1s
determined for at least the neighborhood of the region of
interest. Next at a block 660, one or more pixel intensity
distribution parameters (e.g., a histogram bin ratio) are deter-
mined based on the pixel intensity histogram determined at
the block 650. At a block 670, if the native value of one or
more of the previously determined focus classification fea-
tures 1s not suitable 1n comparison to the native values of the
other classification features determined in the routine 600,
then such classification features are normalized so as to avoid
distortion or biasing of the desired operation of the related
classifier (e.g. a neural network) by classification features
with 1diosyncratically large or small numerical values, and
the routine 600 ends. The various types of focus classification
features determined 1n the routine 600 have been generally
described above, with reference to the routine 400 shown 1n
FIG. 4, therefore additional description 1s not required here.

It will be appreciated that the method of the present inven-
tion may be utilized to detect when an 1image 1s out of focus (or
conversely, sufficiently focused), as opposed to what may be
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a more complex task of attempting to determine whether an
image 1s optimally focused. In other words, rather than requir-
ing analysis to determine the best focus, the method of the
present invention may be more simply used as an “out of
focus detector,” which indicates whether an 1image 1s 1n or out
of an acceptable range of focus for further processing or
ispection. As previously mentioned, 1f the image 1s already
suificiently focused, the running of a time consuming auto-
focus routine can be avoided.

It will also be appreciated that the classifier (e.g., a neural
network) may be customized to particular types of 1images so
as to improve the classification performance. For example, a
“generic” classifier may be trained to provide reasonably
accurate focus assessments for a large variety of typical work-
pieces 1n standard lighting conditions, while a more special-
1zed classifier may be trained to classily certain types of
workpieces 1n specific illumination conditions. Furthermore,
the performance of one or more focus classifiers may be
turther customized by biasing the expert-classified set(s) of
training 1images, for example by classitying even the slightly
defocused 1images of the training set as being significantly out
of focus, or by accepting slightly defocused images as being
still 1n focus, depending on the desired training bias that 1s to
be mntroduced. This way the classifier training will result in a
“more strict” or “less strict” image focus classifier, depending
on the particular desire of the user 1n a particular application.
Therefore, the focus assessment can be tailored to the par-
ticular application, 1f desired.

FIG. 7 1s a flow diagram 1illustrative of one embodiment of
a routine 700 for determining if an 1mage 1s out of focus and,
i so, performing an autofocus process. At a block 710, the
image 1s analyzed and values are determined for the appli-
cable focus classification features. At a block 720, one or
more applicable classifiers are run. At a decision block 730, a
determination 1s made as to whether the image focus classifier
(s) outcome 1ndicates a focused image. If the image focus
classifier outcome 1indicates a focused image, then the routine
ends. Otherwise, 11 the 1image focus classifier outcome 1ndi-
cates that the 1mage 1s not adequately focused, then the rou-
tine continues to a block 740, where an autofocus process 1s
performed. As described above, one of the advantages of the
present invention 1s that 1t saves overall processing or 1nspec-
tion time by avoiding the running of the relatively slow
mechanical autofocus process 11 the image 1s already 1n focus.

FI1G. 8 1s a sample screen shot 800 illustrating one example
of an out of focus 1mage and a user interface usable to mput
and label training 1mages, train focus classifier(s), run focus
classifier(s), and display assessed images and their classifi-
cation.

The screen shot 800 includes a display area 802 that shows
an out of focus 1image, and a display area 804, which includes
the text “image out of focus!” A display area 810 includes
buttons, or other operable control widgets, for “check focus™
and for “load focus neural network.” The “load focus neural
network’ operates to load a neural network pattern classifier,
or more generally, a classifier of any type used by the appli-
cable focus assessment method, as described above. The but-
ton for “check focus™ runs the applicable focus assessment
method on a current 1mage.

At a display area 820, various indications are provided
regarding the status of the current “action,” “average error,”
“number of iterations,” and “iteration progress.” These ele-
ments generally provide the status of the training of a neural
network classifier, or the like. The “average error” 1s an 1ndi-
cation of a representative difference between the assigned or
desired classification values for the traiming set of images and
the values being produced by the current state of the current
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classifier for the training set. As will be described 1n more
detail below, when the average error has reached a low
enough value, 1t 1s desirable to stop the training so as to avoid
over-fitting the neural network classifier, or the like, to the set
of training 1mages.

For the display area 830, 1n an example where 1images are
provided with classifications values of O=1n focus, 1=some-
what out of focus, and 2=significantly out of focus, the
“focus” value 1n display area 830 provides a value within the
range of 0-2 for the current image. For example, the displayed
focus value of 1.216758 indicates that the current 1mage 1s
relatively out of focus, corresponding to the current image in
the 1mage display area 802. In one embodiment, a threshold
value 1s selected (e.g., 0.5, for classification values 1n the
range of 0-2, as described above) for determining when an
image 1s 1n focus. However, more generally, a numerical
outcome value of the classifier can be compared to a single
threshold and interpreted as “in focus™ or “out of focus™, or
compared to a plurality of thresholds and interpreted to fall
within three or more classifications, e.g., “in focus”, “slightly
out of focus™, “significantly out of focus™ etc., 1n various
embodiments or applications.

A display area 840 1s provided for a user to manually enter
a respective desired focus assessment value (e.g. 0, 1 or 2) for
cachrespective image, when inputting a set of training images
during a training phase of operation. In a display area 850, a
button “Iramn F NN (for focus training) 1s provided for
initiating or continuing training of a current classifier (e.g.,
neural network). This 1s utilized after all the data has been
entered for the training images. During the training process,
once the average error of the display area 820 1s indicated to
be low enough or a desired number of training iterations 1s
reached, then the “stop” button, or other operable control
widget, may be manually selected or automatically activated,
to terminate training, for example, to prevent over-fitting the
current classifier to the current set training 1mages.

FIG. 9 1s a sample screen shot 900 of the user interface of
FIG. 8, wherein the assessed image 1s 1n focus. As shown 1n
FIG. 9, in the display area 802 an 1in-focus image 1s illustrated.
In a display areca 804, the text indicates “1mage 1n focus.” In
the display area 830, the focus classification value 1s shown to
be -0.06896736, which 1s near zero and thus indicates that the
image 1s 1n focus. As previously discussed, 1n one embodi-
ment, a value o1 0.5 1s selected as the threshold for classifying
an 1mage has 1n focus. Negative values are possible for a focus
classification value outcome since the various focus classifi-
cation features that are determined for the images in the
training phase may have smaller or greater values than the
new 1mages that are assessed by the classifier once 1ts oper-
ating parameters have already a been established, thus poten-
tially resulting 1n focus assessment classification values out-
side of the O to 2 range that are manually provided during the
training phase of the classifier. Stated another way, since the
classification outcome values output by a trained neural net-
work, or the like, are unrestricted, the trained network
weights can produce values outside the nominally expected
range when used to process mput images having characteris-
tics not present in the training set. However, 1f the output
value 1s negative but reasonably close to zero, the image can
be safely assessed as “in focus”.

While various embodiments of the invention have been
illustrated and described with reference to grayscale images,
it should be appreciated that the imnvention 1s similarly appli-
cable to color images. As one example, it 1s well known that
a grayscale image may be derived from a color image by
combining 1ts color channels according to formulas which

depend on the color space used (e.g., for a red-green-blue
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color space, a weighted sum of the three color channel inten-
sities for adjacent color pixels may be used to derive a usable
grayscale pixel value for that nominal pixel location). Such a
derived grayscale image may then be processed according to
a focus assessment method described above to assess the
focus of the original color image. Alternatively, the various
embodiments described above may be modified 1n a straight-
forward manner to operate directly on color image data, if
desired. For example, color parameters indicative of the
amount of chromatic aberration in the image (which is closely
related to 1mage focus) may be used as focus classification
features.

In addition, 1t will be appreciated that various other
changes, including, but not restricted to, changes to or rear-
rangements of the sequence and/or combination of operations
and the like, can be made to the previously described systems
and methods and the desired focus assessment results may
still be obtained. Thus, while the preferred embodiment of the
invention has been 1llustrated and described for various appli-
cations, 1t will be appreciated that various changes can be
made therein without departing from the spirit and scope of
the 1nvention.

The embodiments of the invention in which an exclusive
property or privilege 1s claimed are defined as follows:

1. A focus assessment method for determining a focus
classification for a workpiece feature 1image, the focus clas-
sification usable to determine whether the 1mage 1s suili-
ciently focused, such that a machine vision imnspection system
may perform useful machine vision mspection operations on
the workpiece feature image, the method comprising:

using the machine vision mnspection system to perform the

steps comprising:

(a) acquiring a {irst 1image of a workpiece feature for
which an 1mage focus classification 1s to be deter-
mined;

(b) determiming a plurality of focus classification fea-
tures based on the first image, the focus classification
features being abstract features included 1n a multi-
parameter feature vector; and

(¢) determining the focus classification based on pro-
cessing the determined plurality of focus classifica-
tion features using at least one classifier, wherein:

the at least one classifier comprises at least a {first

respective classifier that operates on a first respec-
tive plurality of classification features;

the focus assessment method does not require the

acquisition of an additional image of the workpiece
feature that 1s differently focused than the first

1mage;
at least the first respective classifier 1s trained on at
least a first respective set of training 1mages;

the set of training 1mages comprises respective
images of a plurality of different workpieces,
wherein the respective 1images include in-focus
images and out-of-focus 1mages; and

the respective 1mages are assigned a respective
desired focus classification prior to training the
respective classifier.

2. The method of claim 1, wherein the at least one classifier
comprises at least one classifier selected from a group of
classifier types comprising a neural network classifier, a
k-nearest neighbor rule classifier (k-NNR), a decision tree
classifier, a Bayesian classifier, and a fuzzy logic classifier.

3. The method of claim 1, wherein the at least one classifier
comprises a plurality of respective classifiers, the plurality of
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respective classifiers including the first respective classifier
that operates on the first respective plurality of classification
features.

4. The method of claim 3, wherein the plurality of respec-
tive classifiers includes at least two respective classifiers that
operate on respective pluralities of classification features.

5. The method of claim 3, wherein:

cach of the respective plurality of classifiers operates on at

least one respective focus classification feature to deter-

mine a respective classifier outcome;

the respective classifier outcomes are combined to deter-

mine a multi-classifier outcome; and

the step of determining the focus classification comprises

basing the focus classification on the multi-classifier

outcome.

6. The method of claim 1, wherein the plurality of focus
classification features comprises at least one edge strength
type of focus classification feature.

7. The method of claim 6, wherein the at least one edge
strength type of focus classification feature comprises an
operation that suppresses the contribution of local edge
strength values that do not reach a predetermined threshold
value.

8. The method of claim 1, wherein the plurality of focus
classification features comprises at least one focus classifica-
tion feature that 1s insensitive to the spatial distribution of the
pixel mtensity variations in the image.

9. The method of claim 8, wherein the focus classification
feature that 1s insensitive to the spatial distribution associated
with the pixel intensity variations in the image 1s selected
from a group of focus classification features that are 1mage
pixel mtensity statistical distribution parameters.

10. The method of claam 9, wherein the group of focus
classification features that are image pixel intensity statistical
distribution parameters comprises a grayscale intensity vari-
ance, an intensity variance dertved from converted color
channel information, an average grayscale intensity, and an
average 1ntensity derived from converted color channel infor-
mation.

11. The method of claim 8, the method further comprising
determining the number of pixels included 1n at least some of
the bins of an 1mage pixel 1intensity histogram, wherein the
focus classification feature that 1s msensitive to the spatial
distribution associated with the pixel intensity variations 1n
the 1mage 1s determined based on the 1mage pixel intensity
histogram.

12. The method of claim 11, wherein the image pixel
intensity histogram has at least 4 bins and at most 12 bins.

13. A machine vision nspection system comprising:

(a) a vision system components portion; and

(b) a control system portion comprising:

(1) an 1mage focus assessment portion comprising an
image focus classification portion and a classifier
training portion;

(11) a display device; and

(111) a graphical user interface that can be displayed on
the display device, the graphical user interface includ-
ing at least one display area including control widgets
operable to control operations of the classifier training
portion, wherein the image focus assessment portion
includes a routine operable for performing a single-
image focus assessment method comprising:

determining a plurality of focus classification features
based on a first image of a workpiece feature, the
focus classification features being abstract features
included in a multi-parameter feature vector, and
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determining a focus classification for the first image
based on processing the determined plurality of focus
classification features using at least one classifier,

wherein the at least one classifier comprises at least a
first respective classifier that operates on a first
respective plurality of classification features and the
focus assessment method does not require the acqui-
sition of an additional image of the workpiece feature
that 1s differently focused than the first image;

wherein the at least one display area including control
widgets operable to control operations of the classifier
training portion comprises a plurality of areas
selected from a group comprising: a display area for
displaying training 1mages, a display area operable
for inputting a desired focus classification for a train-
ing 1mage, a display area operable for activating train-
ing operations for a current classifier based on a cur-
rent set of respective tramning images and their
respective desired focus classifications, a display area
operable for discontinuing training iterations for a
current classifier, a display area for displaying a value
indicative of a classification error rate of a current
classifier during 1ts training, the error rate based on the
respective focus classifications of the respective train-
ing 1mages by the current classifier in comparison to
the respective desired focus classifications for the
respective training 1images, and a display area for dis-
playing a focus classification outcome value pro-
duced by a current classifier for a current training
image; and
wherein the display area operable for inputting a desired
focus classification for a training 1mage 1s operable to
input at least three levels of focus classification, the at
least three levels of focus classification including a
first classification level corresponding to the best in-
focus classification that can be entered, a second clas-
sification level corresponding to the worst out-oi-1o-
cus classification that can be entered, and at least one
additional classification level between the best 1n-
focus classification and the worst out-of-focus classi-
fication.

14. The machine vision ispection system of claim 13,
wherein inputting a respective level of focus classification
corresponds to inputting a respective numerical value indica-
tive of the focus classification.

15. The machine vision mspection system of claim 14,
wherein, 1n the routine operable for performing a single-
image focus assessment method, the step of determining a
focus classification for the first image based on processing the
determined plurality of focus classification features using at
least one classifier comprises:

determining a focus classification outcome value that can
potentially vary over a continuous range ol numerical
values:; and

comparing the determined focus classification outcome
value to at least one numerical limit 1n order to determine
the focus classification for the first image.

16. A recording medium that stores a control program, the
control program executable on a computing device usable to
receive data corresponding to 1mages workpiece features for
which an 1image focus classification 1s to be determined, the
control program including instructions for performing a
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single-image focus assessment method, the single-image
focus assessment method instructions comprising:
instructions for determining a plurality of focus classifica-
tion features based on a first image of a workpiece fea-
ture for which an 1mage focus classification 1s to be
determined, the focus classification features being
abstract features included 1n a multi-parameter feature
vector; and

instructions for determining a focus classification based on

processing the determined plurality of focus classifica-

tion features using at least one classifier,
wherein:

the at least one classifier comprises at least a first respective

classifier that operates on a first respective plurality of

classification features:

the focus assessment method instructions do not require

the acquisition of an additional 1mage of the workpiece

feature that 1s differently focused than the first image;

at least the first respective classifier 1s trained on at least a

first respective set of training 1mages;

the set of training 1mages comprises respective images of a

plurality of different workpieces, wherein the respective

images 1nclude in-focus 1mages and out-of-focus
images; and

the respective 1mages are assigned a respective desired

focus classification prior to training the respective clas-

sifier.

17. A focus assessment method for determining a focus
classification for a workpiece feature 1mage, the focus clas-
sification usable to determine whether the 1mage 1s suili-
ciently focused, such that a machine vision imnspection system
may perform useful machine vision mspection operations on
the workpiece feature image, the method comprising:

using the machine vision mspection system to perform the

steps comprising:
(a) acquiring a first 1mage of a workpiece feature for
which an 1mage focus classification 1s to be deter-
mined;
(b) determiming a plurality of focus classification fea-
tures based on the first image, the focus classification
features being abstract features included 1n a multi-
parameter feature vector; and
(c) determining the focus classification based on pro-
cessing the determined plurality of focus classifica-
tion features using at least one classifier, wherein:
the at least one classifier comprises a plurality of
respective classifiers, the plurality of respective
classifiers including at least a first respective clas-
sifier that operates on a first respective plurality of
classification features:

the focus assessment method does not require the
acquisition of an additional image of the workpiece
teature that 1s differently focused than the first
1mage;

cach of the respective plurality of classifiers operates
on at least one respective focus classification fea-
ture to determine a respective classifier outcome;

the respective classifier outcomes are combined to
determine a multi-classifier outcome; and

the step of determining the focus classification com-
prises basing the focus classification on the multi-
classifier outcome.
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